Infrared microspectroscop y of biopsied canine lymph cells and tissue was performed to investigate the possibility of using IR spectra coupled with multivariate classi® cation methods to classify the samples as normal, hyperplastic, or neoplastic (malignant). IR spectra were obtained in transmission mode through BaF 2 windows and in re¯ection mode from samples prepared on gold-coated microscope slides. Cytology and histopathology samples were prepared by a variety of methods to identify the optimal methods of sample preparation. Cytospinning procedu res that yielded a monolayer of cells on the BaF 2 windows produced a limited set of IR transmission spectra. These transmission spectra were converted to absorbance and formed the basis for a classi® cation rule that yielded 100% correct classi® cation in a cross-validated context. Classi® cations of normal, hyperplastic, and neoplastic cell sample spectra were achieved by using both partial least-squares (PLS) and principal component regression (PCR) classi® cation methods. Linear discriminant analysis applied to principal components obtained from the spectral data yield ed a small number of misclassi® cations. PLS weight loading vectors yield valuable qualitative insight into the molecular changes that are responsib le for the success of the infrared classi® cation. These successful classi® cation results show promise for assistin g pathologists in the diagnosis of cell types and offer future potential for in vivo IR detection of some types of cancer.
INTRODUCTION
The classi® cation of biopsied human or animal cell and tissue samples as normal, hyperplastic, dysplastic, or neoplastic (i.e., malignant or cancerous) is normally made by the visual examination of stained samples under the microscope. The process of preparing the samples requires trained technicians, while the examination and classi®cation of the samples demands licensed pathologists. Biopsied tissue obtained during surgery often must be evaluated rapidly by the pathologist for decisions to be made about more radical surgical intervention. In addition, the less invasive small-needle aspiration methods remove a small number of cells that do not have the presence of surrounding cells and tissue structure for comparison to aid the pathologist in the classi® cations. Thus, in many cases, cell and tissue classi® cations must be made in dif® cult or ambiguous situations.
Recently, a number of groups have shown that infrared (IR) spectroscopy of cells and tissue conveys information that can be helpful in aiding the pathologist in the clas-si® cation of cell and tissue samples. Groups have shown that IR spectroscopy can help to distinguish normal and leukemic lymphocytes and lymphoblasts, 1,2 normal and neoplastic lung tissue, 3 and normal and cancerous colorectal cells. 4± 7 Medullary carcinoma of the thyroid has been detected with IR, 8, 9 and classi® cation of normal, dysplastic, and cancerous cells of the cervix has been accomplished with the aid of infrared spectroscopy. 10± 12 Very recent studies have been conducted that show marked differences in the IR spectra of normal and carcinoma breast tissue 13 and the IR of DNA extracted from breast tissue. 14 The infrared spectra are sensitive to the differences in DNA and protein content of the cells 3 as well as differences in protein structure 8 and degree of methylation. 4 Differences in the pressure response of the IR spectra of normal and neoplastic cells have also been reported. 4, 5, 7, 10, 11 In addition, IR microspectroscopy can be used to examine small numbers of cells in cytological and histopathology samples. In all but the most recent 12± 14 of these works, univariate methods involving ratios of IR peak intensities or shifts in band positions have been used in the spectral classi® cation of the samples.
Changes in the IR spectrum of a sample are often subtle but are exhibited throughout many regions of the spectrum. Therefore, more powerful multivariate calibration methods 15± 17 adapted for multivariate classi® cation or more traditional multivariate classi® cation methods 18 can increase the sensitivity and reliability of IR spectral clas-si® cation of cell and tissue samples. Meurens et al. 13 have used partial least-squares (PLS) multivariate calibration methods over narrow IR spectral regions to predict the volume density of malignant cells in breast tissue. In addition, Ge et al. 12 have demonstrated the use of multivariate principal component analysis and discriminant analyses to classify near-infrared (NIR) spectra of Pap smears as belonging to normal, atypical, or malignant cell types. Because NIR has the advantage of greater penetration depths, NIR might be used for classi® cation of tissue noninvasively (e.g., to detect skin cancer) or with the use of minimally invasive ® ber-optic methods (e.g., to detect cervical or colorectal cancers or other cancers that can be accessed with ® ber-optic sensors).
In this paper, we present mid-IR data on cytology and histopathology samples using canine lymphoma as our test model. We show that multivariate classi® cations can be made by using infrared microscopy and the multivariate calibration methods of partial least-squares 19, 20 and principal component regression (PCR), 19, 21, 22 used in a mode adapted for classi® cation. In addition, linear discriminant analysis 12, 18 methods have been used for multivariate classi® cation. The discrimination rules developed during the classi® cation development can be made to distinguish among normal, hyperplastic (i.e., normal but rapidly replicating cells), and neoplastic cells. Extensions of these methods to other neoplastic cells and tissues and to NIR spectra for in vivo determinations are also discussed.
EXPERIMENTAL
Normal, hyperplastic, and neoplastic lymph cells and tissues were obtained from dogs being treated at the University of Purdue School of Veterinary Medicine. Cytology and histopathology samples were prepared by a variety of methods in several con® gurations to identify the optimal methods of sample preparation. Cytology samples were initially prepared by obtaining small-needle aspirations from lymph nodes or by making impression smears of the biopsied lymph nodes. All cell samples were placed on both BaF 2 infrared transparent windows for IR transmission measurements and on gold-coated slides for IR re¯ection spectra. Cytology samples were examined either with no further preparation or after separate samples had been stained with Wright's stain 23 or Diff-quik stain. 23 The histopathology samples were obtained from thin (microtomed to 1 m m) sections of biopsied tissue in paraf® n and placed on BaF 2 windows and gold-coated slides. These histopathology samples were examined without further preparation, after the samples were ® xed in ethanol, or after they had been ® xed and stained with H and E stain. 24 All stained samples were classi® ed as normal, hyperplastic, or neoplastic by a pathologist at the University of Purdue. Samples with all the above sample preparation methods were obtained from 16 dogs over a period of six months. However, as discussed in the Results section, the within-sample variations of these spectra were as large as the spectral variations between samples from the three classes of cells. Therefore, a second set of samples from 12 dogs was prepared by using a monocellular dispersion obtained from a cytospin technique. 3 This cytospin preparation proved to be a very successful and reproducible preparation method and was used as the only sample preparation method for the 12 dogs sampled over the remaining ® ve months of the study. Therefore, only the classi-® cation results for the spectra obtained from the samples involving the 12 dogs (36 spectra total) with the use of the cytospin preparation method are reported.
The samples were transported overnight to Sandia National Laboratories, where they were examined within 24 h of preparation with a Nicolet 800 Fourier transform infrared spectrometer coupled to a Spectra-Tech IR Plan redundant-apertured microscope. Spectra were collected at 8-cm 2 1 resolution with a 100-m m aperture. A liquid nitrogen-cooled Hg/Cd/Te detector with a 100-m m-diameter detector element was used for obtaining the IR signal from 700 to 4000 cm 2 1 . Samples on the BaF 2 windows were examined in transmission mode, while the samples on the gold-coated microscope slides were obtained in re¯ection. Signal-averaging of 512 scans was used for each sample spectrum. The visual microscope image was used to isolate 100-m m-diameter regions of homogeneous material. At least three spectra from different regions were obtained from each sample from each dog. Spectra were transferred to a 486 compatible PC and a DEC 8650 VAX computer for analysis.
Spectral data preprocessing included subtraction of the water-vapor spectrum and linear baseline corrections over well-de® ned regions (950± 1725 and 2830± 3000 cm 2 1 ), followed by normalization of each spectral region to the maximum absorption band in that spectral region. A variety of spectral regions were examined separately or in combination in order to obtain optimal classi® cation accuracy. Discrimination rules were developed by using PLS, PCR, and linear discriminant analysis. PLS and PCR, normally used for calibration, were adapted for classi® cation by setting the value of normal cells as 0, hyperplastic as 0.5, and neoplastic as 1.0. In general, PLS and PCR cannot be used to discriminate between more than two classes because of the dif® culty in determining the relative quantitative values to assign to the classes when more than two classes are possible. However, in this case, it is known that the hyperplastic cells represent an intermediate stage that is between normal and neoplastic. Therefore, by assigning to the hyperplastic cells a quantitative value between that of normal and neoplastic, the third class of cells could be included in the PLS and PCR analysis. In this manner, classi® cations could be based on the prediction closest to the value representing the three classes. The success of the three-way classi® cation by these methods is evidence of the validity of this approach in this particular case. Since the number of dogs was small, cross-validation techniques leaving one sample (or one dog) out at a time were used to assess classi® cation performance. Because cross-validation was also used to establish the correct model size, their assessed classi® cation performance could be somewhat optimistic relative to a truly independent validation set of samples.
Linear discriminant analysis was performed by ® rst compressing the spectral data to scores (principal components) by principal component analysis methods. The scores were then used in a linear discriminant analysis by using Mahalanobis distances as the criteria for clas-si® cation. 25 Figure 1 shows the absorbance infrared spectrum of a 100-m m area of a sample prepared on a BaF 2 window with the cytospinning technique. The dashed portion of the spectrum has low information content and was not included in any of the classi® cation analyses. The baseline-corrected and normalized spectra in the CH 2 and CH 3 stretching region for normal, hyperplastic, and neoplastic samples are presented in Fig. 2 . Spectra of the same samples in the ® ngerprint region are given in Fig. 3 . The spectral region between 2800 and 3000 cm 2 1 is the CH stretching region of saturated hydrocarbons largely representing lipids and proteins. 4 In the ® ngerprint region, the spectra are primarily representative of proteins, although the band structure is modi® ed by the presence of DNA, collagen, and possibly other components. The two strong bands centered at 1650 and 1540 cm 2 1 represent primarily the amide I and amide II bands of protein, 3, 26 respectively. The CH 2 scissoring vibration is found at 1467 cm 2 1 . 4, 6, 27 The band near 1450 cm 2 1 is the asymmetric CH 3 bending vibration. 6 The band near 1400 cm 2 1 has been assigned to a symmetric carboxylate vibration. 26 The bands at 1240 and 1085 cm 2 1 have multiple sources. The protein components can be assigned to the amide III band of proteins with disordered structure 26 and to carbohydrate vibrations of glycoproteins, 27 respectively. These two bands also have contributions due to DNA and represent the asymmetric and symmetric PO 2 2 stretching vibrations of the phosphodiester backbone of nucleic acids, 4, 6, 14 respectively, that also occur at 1240 and 1080 cm 2 1 (or 1224 and 1087 cm 2 1 , as described in Ref. 27 ). However, in DNA, the 1240-cm 2 1 band is generally only one third the intensity of the 1080-cm 2 1 band, 14 while these bands have comparable intensity in Fig. 3 . The 1240-cm 2 1 band may also have contributions arising from collagen. 27 The weak band at 970 cm 2 1 has variously been assigned to the O± P± O antisymmetric stretching mode of DNA 1 or to a phosphate monoester band of phosphorylated proteins and nucleic acids. 13 Shoulders on the low-energy side of the 1080-cm 2 1 band at 1025 and 1047 cm 2 1 are of uncertain origin but have been assigned to the vibrational modes of glycogen 11 or to DNA vibrations 6 by Wong et al. There is a very weak band at 994 cm 2 1 that we generally observed only in the neoplastic sample. This band has been assigned by Wong et al. 6 to an RNA vibration, but this assignment should be considered tentative.
RESULTS AND DISCUSSION
Although differences are seen in the spectra presented in Figs. 2 and 3, some of the differences observed in these ® gures are simply due to sample-to-sample variations rather than consistent differences across classes. The IR spectra of cytology and histopathology samples that were ® xed or ® xed and stained were also studied to explore the possibility of developing discrimination rules. However, for these samples, the within-sample spectral variation observed was large relative to the class-to-class spectral variation. Thus, 100% accurate discrimination rules could not be developed for these samples. Relatively large within-sample spectral variation was also observed for the un® xed histopathology samples and for the un® xed aspiration and impression smear cytology samples. Therefore, only the un® xed cytospun samples were observed to have suf® ciently small within-sample spectral variations to allow for the development of accurate discrimination rules for these normal, hyperplastic, and lymphoma samples with only minute differences in their spectra. The small within-sample spectral variation of the cytospun samples is due to the more uniform nature of these monocellular layer cytology preparations.
It should be noted that un® xed cells are subject to changes with time. Since we made the ® rst infrared measurements the day after the samples were collected, there was some concern that changes may have taken place during the initial 24-h period that it took to receive the samples. Therefore, the spectra of several samples were followed as a function of time for 5 days. These studies indicated that the spectra of the samples were relatively constant with time with noticeable changes becoming apparent only during the ® fth day. Therefore, time-dependent changes in the ® rst 24 h of sample preparation do not appear to in¯uence these sample spectra that were consistently collected the day after preparation.
The spectral differences that we observed between normal, hyperplastic, and neoplastic cells were not nearly as large as those reported in the literature for normal and neoplastic cells obtained from other types of cancerous tissue or cells. This observation may be a result of a smaller differentiation among the lymph cells with changes to malignancy than is found with the different tissue types. In particular, consistent differences between normal and malignant tissues are observed visually in the infrared spectra presented in the literature. Few consistent spectral differences are observed visually between the normal, hyperplastic, and neoplastic lymph cells examined in this study, making this IR cell classi® cation more dif® cult than the IR classi® cation of other cancers.
The classi® cation results for PLS are presented in Fig.  4 for samples prepared by the cytospin method and deposited on BaF 2 windows. This PLS classi® cation used the spectral regions 950± 1725 and 2830± 3000 cm 2 1 . In this case, the quantitative response values 0, 0.5, and 1 represent normal, hyperplastic, and neoplastic cell types. PLS was then used to model these quantitative response variables as a function of the spectral measurement. The hyperplastic cells were arbitrarily given the value of 0.5 on the basis of the observation of pathologists that the hyperplastic cells represent structural changes that are between normal and neoplastic cells. Other values between 0 and 1 were tested for the quantitative response value of the hyperplastic cells. All values between 0.25 and 0.7 for hyperplastic cells gave the same 100% classi® cation accuracy, but the separation between classes was greatest when this value was set to 0.5. The data in Fig. 4 are the result of cross-validated calibration leaving out one spectrum at a time for each of the three replicate samples from the 12 dogs. It is clear from Fig. 4 that the three classes of cells are completely separated, as indicated by the fact that all spectra of a given class fall between the dividing lines drawn between classes. Thus, spectra with a prediction below 0.25 are classi® ed as normal, spectra predicted between 0.25 and 0.75 are hyperplastic, and spectra predicted above 0.75 will be classi® ed as neoplastic. The actual mid-points of the classi® cation results shown in Fig. 4 were 0.32 and 0.72. However, these latter values may simply be due to the small sample size, and the more heuristic values of 0.25 and 0.75 are chosen for the discrimination rules.
A more robust classi® cation procedure would perform the PLS cross-validated classi® cation rotation by separately leaving out the set of spectra for each dog. Unfortunately, samples were available only from one dog that was classi® ed as normal. Therefore, cross-validation leaving out one dog at a time would mean extrapolation of neoplastic and hyperplastic cell spectra to normal cell spectra, which is not possible. With the use of only the samples that had been classi® ed by the pathologist as hyperplastic or neoplastic, a PLS-based discrimination rule was developed by cross-validation leaving out one dog's spectra at a time. The results of this cross-validated PLS classi® cation are presented in Fig. 5 , showing 100% classi® cation success. The data presented in Fig. 5 were based upon a classi® cation model with ® ve PLS factors. However, reducing the model to four PLS factors still resulted in 100% classi® cation success. This observation provides evidence that accurate classi® cation can be obtained, prospectively, with new dogs, since the multiple spectra from each dog did not remain in the calibration model even when the candidate cell classes were similar. PCR-based classi® cations yielded similar results as presented here for the PLS-based classi® cations.
Classical linear discrimination analysis was also used to develop discrimination rules for the canine lymphoma data. Brie¯y, linear discriminant analysis ® nds the linear discrimination function that maximizes the among-group distances relative to the within-group distances. Using the linear discrimination methodology directly on the spectra is not advisable because of the large number of spectral data points used in the spectra, which makes the discriminant analysis computationally intensive and less reliable. This decreased reliability is due to the high degree of colinearity among measurements at different frequencies. Thus, principal component analysis was ® rst applied to all the spectra to limit the variables to a small number of orthogonal variables (i.e., the principal components or scores). The number of principal components (h) important for discrimination is selected by cross-validation. The h-dimensional average vector of scores and h 3 h dimensional covariance matrix of scores are computed for each group. Then the average within-group covariance matrix (S) is calculated. For the classi® cation of the cells of an unknown sample, the h-dimensional score vector, t, is calculated from the measured spectrum and the eigenvectors determined in the initial calibration of spectra from cells of known classi® cation. The distances from t to the average score for each group are computed and normalized by S. The decision rule for classifying a sam- ple as belonging to a given group, i, is obtained by selecting the group that has the minimum Mahalanobis distance to the spectrum of the unknown sample. When cross-validation was employed prospectively across dogs, two of the neoplastic spectra (one from each of two dogs) were not classi® ed correctly. This result compares with the 100% success with the PLS-and PCR-based approaches. The best discriminant classi® cation used ® ve principal components (numbers 1, 2, 4, 5, and 7), and the results of this discriminant analysis are shown in Fig. 6 . Again, since samples from only one normal dog were available, inclusion of the normal dog spectra in the clas-si® cation was not possible. It is possible that this approach was not as successful as the other approaches for this case because the classi® cation was based upon the assumption that the within-class variances are equal. Given the relatively small sample size in this study, we are unable to reject the assumption of equal within-class variances. However, it is not likely that these within-class variances are equal, since it has been shown in leukemic lymphocytes that the molecular structure of neoplastic cells is less variable relative to that of normal cells. 14, 28 A potential advantage of using the classical discrimination technique is the ability to incorporate misclassi® cation costs as well as prior estimates of the proportions of each class in the population in a decision-theoretic framework to de® ne the discrimination rules. For example, false negatives in cancer detection are more detrimental than false positives. Therefore, a greater cost would be associated with the occurrence of a false negative. The enhancement of the discrimination rules with misclassi-® cation costs and prior estimates of the proportion of each class in the population also awaits a large sample population to con® rm the usefulness of these factors for discrimination.
The infrared spectra of the various cell types offer the possibility of obtaining qualitative information about the molecular structure responsible for the successful discrimination between hyperplastic and neoplastic cells. An initial examination of the spectral differences was made by com-paring the average spectra obtained separately from each of the three classes. However, some of the differences found by this method were not consistently useful for classi® cation. For example, the relative amount of methylation was greater for the neoplastic cells relative to normal cells. Hyperplastic cells averaged more methylation than the neoplastic cells. These observations are also apparent in Fig.  2 . However, these differences were not reliably useful for discrimination, since the classi® cation using only the CH stretching region was unsuccessful.
On the other hand, classi® cations between hyperplastic and neoplastic cells were successful in the ® ngerprint region from 950 to 1725 cm 2 1 . It is bene® cial to use the successful PLS-based classi® cation to guide understanding of the molecular structure differences which allow for successful clas-si® cation. It has been previously shown 20 that the ® rst weight loading vector in the PLS analysis often yields the most useful qualitative information. That characteristic appears also to be the case in this multivariate classi® cation problem. The ® rst weight loading vector associated with the PLS model used to classify hyperplastic and neoplastic cells is given in Fig. 7 along with the average spectrum of these two classes of cells.
Remembering that the spectra have been individually normalized to the 1650-cm 2 1 protein band, the positive features in the weight loading spectrum represent those features that are relatively more important for positive classi® cation of neoplastic cells. The most prominent feature in the weight loading vector is the 1635-cm 2 1 band on the side of the amide I band. This band is consistent with a beta-sheet protein structure. 3 In addition, the presence of bands centered at 970, 1085, and 1240 cm 2 1 is consistent with relatively more DNA in the neoplastic cells. There is structure to these bands that is different from that found for the average spectrum. For example, the 1240-cm 2 1 band becomes a doublet at 1220 and 1242 cm 2 1 in the loading vector. Also, the central portion of the 1085-cm 2 1 band is relatively enhanced. If the relative amount of DNA has increased in the neoplastic cells, then we would expect the 1085-cm 2 1 band to increase relative to the 1240-cm 2 1 band, since this 1085-cm 2 1 band is more intense than the 1240-cm 2 1 band in DNA. 14 The 1220-cm 2 1 band that is apparent in the PLS weight load-ing vector may actually represent a DNA vibration, and the 1242-cm 2 1 band may be due to collagen, as claimed by Mantsch and Jackson. 27 The very weak band at 994 cm 2 1 that appears in neoplastic cells is accentuated in this weight loading vector. The high-frequency structure in the spectral region from 1350 to 1725 cm 2 1 is due to incomplete correction for water vapor changes in the purge gas and is not representative of any sample changes. These water vapor features may obscure some of the weaker features in this spectral region. Finally, there is a shoulder at 1562 cm 2 1 on the high-energy side of the 1550-cm 2 1 amide II band that appears in the weight loading spectrum. This band is consistent with the asymmetric carboxylate band that is expected to be present with the 1400-cm 2 1 symmetric carboxylate band. It could also possibly represent a change in the tertiary protein structure for the neoplastic cells. Thus, it is clear that the qualitative information available in the weight loading vectors that are generated in the PLS classi® cation process is valuable for understanding the molecular structure differences between these classes of cells.
CONCLUSION
It is clear from this study that mid-infrared spectroscopy coupled with multivariate classi® cation methods can provide a useful tool to aid the pathologist in the classi-® cation of normal, hyperplastic, or neoplastic lymph cells. The high rates of correct classi® cation (100% for PLS-and PCR-based discrimination) when cross-validation is used provide evidence of the usefulness of these methods. It had originally been hoped that the use of multivariate classi® cation techniques would allow more standard cell and tissue preparation methods to be used in the infrared classi® cation of the samples. Unfortunately, it was found with the canine lymphoma model that the spectral differences were so small between the three cell classes that the more specialized cytospin cell preparation was required in order to obtain accurate classi®cations. It is possible, as indicated in the literature cited, that cancers other than canine lymphoma may be more differentiated. Therefore, it might be possible to classify cells and tissue for these more differentiated cancers on the basis of the multivariate classi® cation of infrared spectra of samples prepared by the more routine preparations involving ® xed and/or stained cytology and histopathology samples.
In the area of potential future developments, mid-infrared spectroscopy with the use of mid-infrared ® beroptic probes could be used for in vivo detection of cancers on the surfaces of tissue. These might include the detection of skin, cervical, uterine, colorectal, mouth, throat, esophageal, or stomach cancers. Ge et al. 12 have shown with Pap smears that successful cell classi® cations can be made by NIR spectroscopy. It is therefore possible that near-infrared spectroscopy coupled with ® ber-optic probes could be used for deeper sampling of tissue. Depending on the wavelength range used, the depth of penetration of near-infrared radiation in tissue could be a fraction of a millimeter to more than 10 mm. Thus, cancers that are more than skin deep might be detected with a near-infrared in vivo ® ber-optic probe. Detection of the cancers listed above would be possible as well as prostate and other cancers that could be sampled within 1 cm of the ® ber-optic probe. Fiber-optic probes in the mid-or near-infrared spectral ranges could also be used during biopsies to achieve rapid classi® cations of tissue and cells during the surgical procedure.
Attenuated total re¯ection (ATR) methods could also be employed in the mid-infrared to potentially increase sensitivity of in vitro cytology and histopathology sampling, or during in vivo surface sampling. An infrared microscope coupled with an ATR objective could be used for in vitro cytology and histopathology samples.
